The Irrawaddy dolphin (Orcaella brevirostris) is an endangered cetacean found throughout Southeast Asia. The main threat to this species is human encroachment, led by entanglement in fishing gear. Information on this data-poor species' ecology and habitat use is needed to effectively inform spatial management.
2005; Hyrenbach, Forney, & Dayton, 2000; Kelleher, 1999) .
However, successful establishment of an effective MPA requires understanding the relationship between the population to be protected and its habitat as well as human uses and impacts (Cañadas et al., 2005 , St. Martin & Hall-Arber, 2008 . Statistically based habitat models can provide information on preferred habitats to identify areas critical for protection and future research (Bailey & Thompson, 2009) .
Little is known about Irrawaddy dolphin habitat preferences.
It is one of only three cetaceans (with the finless porpoise, Neophocaena phocaenoides, and the tucuxi, Sotalia fluviatilis) able to inhabit both marine and freshwater (Smith & Jefferson, 2002) .
Most available data are collected from freshwater subpopulations (Baird & Beasley, 2005; Baird & Mounsouphom, 1994; Sahu, Kar, & Pattnaik, 1998; Smith & Hobbs, 2002; Smith & Jefferson, 2002; Smith et al., 2006; Smith, Shore, & Lopez, 2007; Stacey & Hvengaard, 2002; Sutaria, 2009; Pattnaik, Sutaria, Khan, & Behera, 2007; Reeves et al., 2008) . In marine coastal areas, Irrawaddy dolphins are associated with warm (25°C), shallow (~6 m), and brackish to high-salinity (>20 ppt) waters near river mouths, rarely ranging more than a few kilometers offshore (Baird & Mounsouphom, 1994; Dolar, Perrin, Gaudiano, Yaptinchay, & Tan, 2002; Minton et al., 2013 Minton et al., , 2011 Peter, Poh, Ngeian, Tuen, & Minton, 2016; Smith et al., 2006; Smith & Hobbs, 2002; Stacey, 1996; Sutaria, 2009 ). This suggests that they prefer shallow nearshore areas with high nutrient input and biological productivity, likely supporting prey resources (Dolar et al., 2002; Minton et al., 2013 Minton et al., , 2011 . However, a more detailed understanding of Irrawaddy dolphin habitat characteristics is needed to establish effective conservation measures.
For this purpose, we use a species distribution modeling (SDM) approach in our study of a group of Irrawaddy dolphins offshore of Trat Province, Thailand.
SDMs relate records of species occurrence to environmental predictor variables (Elith & Leathwick, 2009; Guisan & Thuiller, 2005; Redfern et al., 2006) , and have been used in studies of marine mammals (e.g., Bräger, Hararaway, & Manly, 2003 , Goetz, Montgomery, Ver Hoef, Hobbs, & Johnson, 2012 . Properly employed and tested SDMs can play an important role in conservation by helping to illuminate species' habitats, thus providing a framework for future research, information needed to predict species responses to environmental changes, and tools to develop effective management strategies (Bailey & Thompson, 2009; Brotons, Thuiller, Araújo, & Hirzel, 2004; Cañadas et al., 2005; Elith et al., 2006; Elith & Leathwick, 2009; Guisan & Thuiller, 2005; Redfern et al., 2006) . SDMs can also predict species occurrence in difficult-to-access or as-yet-unstudied locations and species' responses to environmental changes (Araújo, Pearson, Thuiller, & Erhard, 2005;  Bailey & Thompson, 2009; Barry & Elith, 2006; Brotons et al., 2004; Elith et al., 2006; Elith & Leathwick, 2009; Guisan & Thuiller, 2005; Morin & Thuiller, 2009 ). Extrapolating to unstudied areas carries risk often requiring validation, however, as species-environment relationships observed in one area may not be reflected in another (Manocci, Roberts, Miller, & Halpin, 2016) .
Here we examine habitat preferences of Irrawaddy dolphins in the eastern Gulf of Thailand, a subpopulation which remains unassessed by the IUCN and for which no formal habitat studies have been conducted. Local government groups are planning spatial protections for this species and need habitat and distribution information to make effective management decisions. We conducted standardized line transect surveys, collecting Irrawaddy dolphin occurrence data concurrently with data on physical and biological habitat characteristics. These data were used to develop F I G U R E 1 Irrawaddy dolphins (Orcaella brevirostris) in the Gulf of Thailand a SDM with three goals: 1) to determine the factors influencing suitable habitat in the study area, 2) to predict dolphin distributions for use in development of conservation measures (e.g., MPA development, boating/fishing restrictions, pollution mitigation efforts, reduced dolphin entanglement risk) in the Gulf of Thailand, and 3) to provide a model for predicting Irrawaddy dolphin presence for prioritizing future sampling efforts in less studied coastal subpopulations.
| ME THODS

| Field methods
We carried out research primarily along the coast of the eastern Gulf of Thailand (Figure 2a ) between the villages of Laem Klat and Khlong Yai, within Trat Province, Thailand. This subpopulation's abundance is estimated at 423 individuals, one of the largest for this species . In two field seasons, 2013 and 2014, we expanded the study area to cover offshore areas surrounding three islands off the coast of Trat-Koh Chang, We surveyed from a 12-meter fishing boat, small inflatable motor boat, or 20-meter fishing boat (Table 1) . We conducted all surveys, except for the April-May 2012 fieldwork, in the dry season during the northeasterly monsoon (see Hines et al., 2015 for details).
The April-May 2012 environmental data fell within the range of values collected in other years, so we included it in the full dataset rather than modeling it separately. Total area surveyed was 552 km 2 in Trat Province, 2,127 km 2 around the islands, and 815 km 2 in Chanthaburi.
Environmental data were collected at time of sighting or at every 1-km 2 grid cell and included sea surface temperature, depth, salinity, turbidity, pH, and chlorophyll a ( Table 1 ). All of these variables have been shown to inform marine mammal distribution models (Redfern et al., 2006; Torres, Read, & Halpin, 2008) . These factors can limit dolphin distribution due to potential physiological constraints (e.g., temperature, salinity, and pH limits), prey availability (e.g., depth, chlorophyll a), and the influence of turbidity on visual capture ability and water quality. We included a binary variable indicating calf presence during a sighting as an independent variable to test whether calf presence influenced dolphin group size or presence.
| Analytical methods
We first measured distances to the coastline and river mouths for each environmental data point using ArcGIS (ESRI, 2014) . We carried out all subsequent analyses in R version 2.13.1 (R Development Core Team, 2009 Team, -2013 . We identified and removed outliers (points more than three standard deviations from the mean, according to the Zvalue test) in each data category (e.g., sightings, depth, and salinity) (Aggarwal, 2013; Hodge & Austin, 2004) . We binned turbidity and chlorophyll a into high, medium, and low categories using a Jenks natural breaks classification because variability was high between years, low within years, and non-normally distributed. We used a pair plot to initially explore the data and identify linear relationships. Next, we ran both Moran's I and Mantel tests to determine if sightings were spatially autocorrelated (Dray, Dufour, & Thioulouse, 2016; Paradis et al., 2015) . Neither analysis found significant clustering of sightings (p > 0.05). We tested variables for collinearity using variance inflation factors (VIF) with a cutoff value of 3 (Naimi, 2015; Zuur, Ieno, Walker, Saveliev, & Smith, 2009) , resulting in removal of the variable "distance to coastline." Frequency plots showed sightings data were highly zero-inflated and overdispersed ( Figure 3a ; mean = 0.78, variance = 4.91). We chose a hurdle model, which models data in two components. The zero component models data as binary with a binomial distribution (zeros vs. all nonzero counts) and the truncated count component models just nonzero counts using a Poisson, negative binomial, or geometric distribution (Hu, Pavlicova, & Nunes, 2011; Zeileis, Kleiber, & Jackman, 2008; Zuur et al., 2009) .
Hurdle models are an appropriate choice for this study given the nature of our data and their past use in modeling the distribution of marine mammals (e.g., Goetz et al., 2012; Gowan & Ortega-Ortiz, 2014; Ver Hoef & Jansen, 2007) . The frequency curve for the sightings data (Figure 3a ) closely resembles a negative binomial distribution with mean = 1 and dispersion parameter (k) = 0.1 (Zuur et al., 2009 ). Therefore, we analyzed our count data using a negative binomial distribution. This model family assumes that separate ecological processes influence presence/absence and number of individuals where the species is present (Zuur et al., 2009) .
Hurdle models do not handle missing data well and k-fold cross validation failed on a model including all years and all variables. Due to uneven data collection across years and missing values caused by instrument error, data availability was uneven across years (Table 2) . Therefore, we separated the data into five smaller datasets (Table 3) .
Four datasets included all data points for each year and thus left out variables with missing values. The fifth dataset held only points for which all variables were measured and was smaller than the prior four. Because there were no sightings around the islands or Chanthaburi, we left these data out of the analysis. We explore differences and potential reasons for this lack of sightings in the Discussion.
We fit the data to a suite of hurdle models (Jackman, Tahk, Zeileis, Maimone, & Fearon, 2015) , first using all variables within each framework, then dropping terms sequentially and performing model selection tests and evaluations (detailed below) to determine which configuration of terms resulted in the best model. We used Akaike's information criterion (AIC) and k-fold cross validation (with 10 folds) (Alfons, 2012) to choose the best model within each framework (Johnson & Omland, 2004; Kadane & Lazar, 2003; Kohavi, 1995; Redfern et al., 2006; Refaeilzadeh, Tang, & Liu, 2009; Zuur, Ieno, & Smith, 2007) . We supplemented these criteria with a likelihood ratio test (Hothorn et al., 2015) to compare each reduced model to the full model within each framework (nested models), with a threshold of p > 0.05 (Johnson & Omland, 2004) .
After choosing models from each framework, we evaluated each model component (presence/absence and count) using the area under the curve (AUC) of the receiver operating characteristic (ROC) plot (Franklin, 2009 , Sing, Sander, Beerenwinkel, & Lengauer, 2015 . We also calculated McFadden's pseudo-R 2 (ρ 2 ), a goodness-of-fit measure, as a method of model evaluation (McFadden, 1978) . From these assessments, we chose a final set of models. To choose the final model, we ran all parameters as linear, except for depth and temperature, which were modeled using a quadratic (Figure 3b ,c). After choosing the final model, we used the "predict" function in the PSCL package (version 1.4.9; Jackman et al., 2015) to obtain predicted probability, count, and overall fitted values from the model. We used these values to create an interpolated surface using an ordinary krige with a 3 × 3 smoother in ArcGIS (ESRI, 2014) . We further determined optimal values of the significant variables identified by the models: We first set all environmental variables in the final model to their average values, then varied only the significant variables, using the "predict" function to make predictions for the relevant model part (zero or count). These optimal values were used to describe the preferred habitat of this species as well as to compare our results with temperature and depth preferences obtained in other parts of its range. To determine the areas most highly used by Irrawaddy dolphins along the Trat Province coast, we classified overall fitted values by Jenks natural breaks into five classes of dolphin occurrence likelihood (high probability of presence and large group size) in ArcGIS (ESRI, 2014).
| RE SULTS
Dolphins were encountered in every part of the study area except around the islands or off the coast of Chanthaburi. The environment was similar in these regions, with the notable exceptions of depth and distance to river mouth ( (Table S3 ).
Both the first (linear)-and second (nonlinear)-order depth terms were significant predictors for the zero component (p < 0.005), while temperature was a significant predictor for the count component (p < 0.005) (Table S3) 
| D ISCUSS I ON
| Dolphin-habitat relationships in the Gulf of Thailand
In the eastern Gulf of Thailand, dry-season dolphin presence was most strongly predicted by depth, while temperature strongly predicted group size. This indicates preference for relatively cool waters of intermediate depth. Geographically, this places Irrawaddy dolphins at 1.5 to 7.5 km from shore ( Figure 6 ). Protected area planning with protective zoning based on these areas would likely have the greatest chance of protecting this population (Batisse, 1982; Day et al., 2012; Hooker, Whitehead, & Gowans, 1999; Hyrenbach et al., 2000; Kelleher, 1999; Lausche, 2011) . Buffer zones could be formed surrounding the two areas, between approximate latitudes 11 o 51′34′′N and 12 o 0′10′′N, around 0.25 to 10.5 kilometers offshore of Mai Rut, and from approximate latitudes 11 o 47′28′′N to 11 o 50′22′′N, approximately 1.5 to 10.5 kilometers offshore of Khlong Yai (Figure 8 ) to protect animals traveling to and from core areas (Batisse, 1982; Day et al., 2012; Hooker et al., 1999; Hyrenbach et al., 2000; Kelleher, 1999; Lausche, 2011) . Bycatch of cetaceans is high in the eastern Gulf of Thailand, with 12% of fishers interviewed reporting knowledge of cetacean bycatch.
While willingness to change fishing gear is low (Teh, Teh, Hines, Junchompoo, & Lewison, 2015) , Thai fishing communities consider marine conservation an important goal and are willing to work toward bycatch reduction (Teh et al., 2015) . 
| Comparison with other locations
Prior studies on Irrawaddy dolphin distribution and habitat have been informal, based upon average environmental variables at dolphin sighting locations, with the exception of work conducted in Kuching Bay, Sarawak, Malaysia (Minton et al., 2013; Peter et al., 2016 (Table S4 ) (Beasley & Davidson, 2007; Dolar et al., 2002; Kreb & Budiono, 2005; Minton et al., 2011; Ponnampalam, 2012 Ponnampalam, , 2013 (Table S4 ) (Kreb & Budiono, 2005; Kreb & Rahadi, 2004; Minton et al., 2013; Peter et al., 2016) . Average depth of dolphin sightings was deeper than our predicted optimal depth (Kreb & Budiono, 2005; Kreb & Rahadi, 2004) , suggesting that a different variable, likely salinity (Minton et al., 2013; Peter et al., 2016) , is a stronger driver in this habitat than in the Gulf of Thailand (Table S4 ).
In the outer Sundarbans Delta of Bangladesh and deltas of East
Kalimantan, Indonesia, dolphin observations occurred in narrow depth (average spread 9.1 m) and temperature ranges (3.6°C), but wide turbidity and salinity ranges (Table S4 ) (Kreb & Budiono, 2005 , Smith et al., 2005 . Average depths were shallower than identified for the Gulf of Thailand (average 6.23m). Temperatures at which dolphins were found were generally lower than those optimal in the Gulf of Thailand (average 23.7°C). This may be due to habitat availability (e.g., no temperatures below 24.93°C were recorded in any region of our study area) or the interaction of factors that were not discernible to our model.
| Potential reasons for absence in the islands and Chanthaburi
We did not see dolphins in the islands or Chanthaburi, but we can compare environmental measures between these areas and Trat. As Table 4 shows, average values of environmental variables are mostly similar. For temperature (Table 5) , chlorophyll a, and salinity, Trat values fall between the values of the other two areas. The Trat study area is, however, characterized by much lower depths (Table 5) , turbidity, and distances to river mouth than the other areas (Table 4 ) and is much less developed than Chanthaburi, with lower levels of fishing activity and industrial development. River mouths were less prevalent in the islands and Chanthaburi, resulting in sampling locations much farther from river mouths in those areas (average: 26.62 km and 10.58 km, respectively) than in Trat (average: 7.58 km) (Table 6 ). In Trat, sightings did not occur more than 14.17 kilometers from a river mouth.
The potential importance of proximity to river mouths is supported by the fact that distance to river mouth is considered a reliable indicator for this species in other systems (Baird & Mounsouphom, 1994 showing one major area of dolphin congregation and two minor areas, one of which is likely to support large groups, given the probability results shown in a, and (c) fitted model predictions, clearly showing two distinct areas of high probability of dolphin presence and large group size (together dolphin occurrence likelihood). We employed kriging and a 3 × 3 smoother to the data, so the ranges are smaller than those predicted by the model (0.004-1 for probability, 0.29-8.36 for counts, and 0.01-4.16 for fitted predictions) Mörzer Bruyns, 1966; Smith & Hobbs, 2002; Smith et al., 2006; Stacey, 1996; Sutaria, 2009 ). The Trat data may not have been collected far enough from river mouths to be a significant variable in our model. Thus, we may not have recorded a sufficient range of distance to river mouth to properly test the importance of this variable.
Trat may represent the ideal habitat for this species, with its access to nutrient-rich river effluence, given its importance to other small, coastal cetaceans (Hobbie, 2000; McClusky & Elliott, 2006; Rossi-Santos, Wedekin, & Sousa-Lima, 2006) . Anecdotal evidence suggests that Irrawaddy dolphins were present in Chanthaburi in the past (C.
Junchompoo pers. comm.). If we accept these reports, then an alternative explanation for their absence is overfishing in the Gulf of Thailand, for which there is ample evidence (Ahmed, Boonchuwongse, & Dechboon, 2007; Christenson, 1998; Pauly & Chuenpagdee, 2003; Suvapepun, 1991 2011; McCauley et al., 2015; Nriagu, 1996; Solomon & Palanisami, 2016; Stocker, 2016; Wang, Xu, Sun, Liu, & Li, 2013) . Either influence category presented (environmental differences, human encroachment) could explain their absence, but the two need not be mutually exclusive.
| Model caveats and next steps
Using models to guide management decisions requires some assessment of uncertainties. Of concern are low AUC and ρ 2 values ( (Adulyanukosol, 1999; Anderson & Kinze, 1999; Chasen, 1940; Dolar et al., 1997; Hines, Junchompoo, Ilangakoon, Ponnampalam, & Jackson-Ricketts, 2014; Jaaman, 2000; Mörzer Bruyns, 1966; Perrin et al., 2005; Ponnampalam, 2012; Pilleri & Gihr, 1974; Ratnam, 1982) . Our results can be used to optimize exploratory surveys in poorly understood areas to determine if the species is present, with the understanding that extrapolation to unstudied areas is only as accurate as the relationships between species and habitat variables are similar (Manocci et al., 2016; Wenger & Olden, 2012) .
Our understanding of this species would greatly benefit from development of additional species distribution models for the bays, deltas, and coastal areas where this species is known to occur.
Additional models can inform key predictor variables and provide insight on variability in habitat preferences across the species' range. In addition, models can provide aid in the form of preliminary information on sympatric species. Indo-Pacific humpback dolphins (Sousa chinensis) and Indo-Pacific finless porpoises (Neophocaena phocaenoides) share habitat with Irrawaddy dolphins along the Trat Province coast . Any form of spatial management undertaken in this area must account for these species, ensuring that spatial management for Irrawaddy dolphins considers the needs of these other cetaceans.
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